Introduction 1
The metal cutting industries are facing a lot of adverse complexities during machining in particular with attainment of higher surface quality and tool life. David et al. (2006) mentioned that in a machining system, cutting tool is the most diagnostic element. The cutting tools are subjected to acute loads due to rubbing of work and chip, high stress and temperature, and their gradients. Persistent all-encompassing analysis has been carried out to advance the adequacy of cutting tools. Jacob and Joseph (2005) pointed out that the product quality and ability of machining action depend on cutting tool condition. The tool wear is provoked by adhesion, abrasion, diffusion and/or oxidation (Lorentzon and Jarvstrat, 2009 ). Biswas et al. (2008) reported that the tool wear directly influences the power consumption, quality of the surface finish, tool life, productivity, etc. Hence, tool wear leads to poor surface finish, decrease in accuracy and increase in cutting forces, temperature and vibration.
Authors (Sundara Murthy and Rajendran, 2010) addressed the surface roughness prediction and analysis forth with the significance and characteristics of machined surface. Figure 1 describes the three stages of cutting tool wear, i.e. initial wear stage, progressive wear stage and a rapid wear stage. Micro-cracking is developed and propagated during the initial wear stage, then almost constant in progressive wear stage and added in accelerated amount in rapid wear stage which leads to the cutting tool failure. The crater and flank wear on the faces of the cutting tool during machining are shown in Fig. 2 . Flank wear occurs on relief or flank face of the tool due to abrasion of tool with part machined surface. Generally, it is initiated at the cutting edge and propagated downwards. Crater wear is a concave scar caused by erosion due to sliding of chip on tool rake face. Notch wear is an aggregate of flank and crater which occurs abreast to the intersection of cutting tool and machined Abrasive wear is a mechanical wear which occurs at low speeds, chiefly due to the scratching of hard impurities of work material. One of the means to abstain this wear is providing harder coating on cutting tool. Adhesive wear is due to strong sticking of work material on the cutting tool surfaces and this can occur at high temperatures and pressures caused by high cutting speeds. High hot hardness and thermal conductivity can reduce the adhesive wear. Diffusion wear is because of atomic transfer between the work and tool materials and can occur in two ways. Tool elements can diffuse into the work material or work elements can diffuse into the tool material. Rajesh (2010) revealed that metallurgical bonding attraction between tool and work material leads to diffusion and this could increase rapidly at elevated temperatures. Nouari and Molinari (2005) acknowledged that the work material flow rate nearest to rubbed area and the average contact temperature between tool-work are the major authoritative factors of diffusion wear. Oxidation can be observed on the rack and flank faces of the tool due to high temperatures, atmospheric air and coolant. The oxidation can prevent adhesion and diffusion to a certain extent. The soft oxidation layers are quickly washed out by chip and work, but continuation leads to oxidation wear. Chun (2010) presented that high cutting speed and feed rate could increase the oxidation rate due to reduction of hardness and strength of the tool. The parameters which could cause the tool wear are shown in Fig. 3 . Tool wear has major impact on product quality and process cost. The tool wear also resulted in increased cutting force, cutting temperature, machine vibration and surface roughness. Because of the importance of tool wear, there have been several attempts to foretell and analyze the wear through mathematical and soft computing techniques. ABCM Milling tests on titanium alloys with uncoated and coated carbide tool were conducted and performance in terms of tool life and surface quality was evaluated and presented by Nagi et al. (2008) . Dimla (2002) machined EN24 with coated inserts; observed wear through vibration signals against time and suggested that the analysis of vibration signals are very effective in tool-wear monitoring. A coherence function model was developed by Mantana and Asa (2008) to describe the relationship between tool wear and tangential and feed vibration components. A fuzzy logic on line monitoring technique was proposed by Susanto and Chen (2003) for face milling with resultant cutting force and selected machining parameters and demonstrated its adequacy. Thamizhmnaii et al. (2008) reported that higher flank wear occurred in low cutting speed with high feed rate and depth of cut in turning of SS 440 C stainless steel. A spanking new Transductive-Weighted Neuro-Fuzzy Inference Technique (TWNFIS) was proposed (Agustin et al., 2009) to model tool wear in turning and proved the accuracy by comparing with experimental values. Li et al. (2002) used vibration signals to find out drill wear and proposed a relationship between the vibration and the tool wear with fuzzy neural network model. It was also demonstrated that features of vibration signals can be used to determine the drill wear with greater accuracy. Tansel et al. (2000) proposed cutting force wear relation by Force-variation-based encoding (FVBE) and Segmental-average-based encoding (SABE) methods and proved both are excellent performance in wear estimation. Neural network was applied to predict the wear during hard turning of AISI H-13 steel and the proposed model provided better prediction capabilities (Tugrul and Yigit, 2005 ). An efficient and successful relationship was established by Choudhury and Bartarya (2003) between tool wear and surface roughness along with cutting temperature. An online tool wear monitoring technique was developed (Silva et al., 1998) with input signals as cutting force, spindle current, sound and vibration in turning and demonstrated efficiency of the suggested technique. Jurkovic et al. (2005) presented direct tool wear measurement methodology using machine vision with 3D picture of tool relief surface. An analytical computation of flank wear was expressed and predicted wear at various cutting speeds was compared with experimental values (Bouzid, 2005) . Palanisamy et al. (2008) suggested regression analysis and artificial neural network model to forecast the flank wear which were validated through experiments.
Many researchers accept, focused on multiple objective optimization techniques, to be positive the maximum advantage from a set of optimum machining parameters. Wang et al. (2006) optimized multi-pass milling with two objectives of less machining time and cost reduction using parallel genetic simulated annealing. The optimum machining parameters during single pass turning were determined by Yang and Natarajan (2010) with objectives of minimum tool wear and maximum material removal by application multi-objective differential evolution (MODE) algorithm and non dominated sorting genetic algorithm (NSGA-II). The minimum production cost during multi-pass turning was determined with a proposed hybrid arrangement of real-parameter genetic algorithm (RGA) and sequential quadratic programming (SQP) (Abburi and Dixit, 2007) . The hot turning of manganese was optimized (Tosun and Ozler, 2004) with different objectives of maximum tool life and minimum surface roughness. Ramon et al. (2006) optimized the turning parameters with multiple objectives of minimum tool wear and operation time with genetic algorithm. Tian (2009) optimized the CNC turning by applying Taguchi method and Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) and analyzed the after-effects by MINITAB with assorted objectives optimization.
The achievement of nontraditional machining was also attempted with multiple objectives by many researchers to determine the optimum parameters. Debabrata et al. (2007) applied multi-objective methodology non-dominating sorting genetic algorithm-II to optimize circuitous EDM parameters with ANN prediction model and evaluated by experimental results. Yih-fong and Fu-chen (2007) used fuzzy logic with Taguchi method in enhancement of EDM and determined pulsed duration, duty cycle, and peak current as a lot of influencing factors among the various parameters. The wire EDM parameters were optimized (Shajan and Shunmugam, 2005) 
Methods and Materials
End milling experiments were carried out at different combinations of cutting parameters, cutting speed, feed velocity, depth of cut and cutting liquid flow rate in a milling machine. The specifications of milling machine are given in Table 1 . The workpiece material used to conduct milling experiments was aluminum 6063-T6. The chemical composition and other important properties of 6063 are given in Table 2 and Table 3 , respectively. The dimensions of the workpiece were 300 × 200 × 50 mm. An end mill cutter (LT740WWL) of 20 mm diameter and unique coated inserts APGT 1003 PDER-Alu LT05, manufactured by Lamina Technologies (Swiss), were used in milling experiments. The schematic representation of experimental set up is apparent in Fig. 4 . The milling experiments were done at various levels of cutting speeds, feed velocities, depths of cut and liquid flow rates. The levels and parameters used are given in Table 4 . The experiments were conducted under Maximum Quantity Lubrication (MQL). The vegetable oil coolube 2210, manufactured by UNIST (USA), was employed as oil under MQL. To supply oil in MQL condition, an MQL setup was used. This setup prepares the air-lubricant mixture and supplies it at cutting point through a nozzle. This setup is also able to adjust the air and lubricant ratios and the flow rate separately. The flow rate of mixture can also be varied and the air pressure was maintained at 4 bars. In each experiment, the surface roughness and flank wear of cutting tool were measured using tool room microscope and surface roughness tester. 
Genetic Algorithm Based BPN
All the engineering issues will have plenty of solutions. The greatest task is to select the best from the available solutions. Artificial Neural Network (ANN) is a model of biological neuron system. ANN can be trained by known results and the knowledge acquired from training can be used to foretell or compute the unknown output. The most popular and broadly acclimated ANN is Multi Layer Back Propagation Network (MLBPN). In BPN the weights of input-hidden layers and hidden-output layers are computed using gradient search method. This will lead the network to local optimum solutions. Moreover, the BPN is unable to work with new occurrence far from training. This research work aims to abbreviate the drawbacks of BPN by affiliation of Genetic Algorithm (GA) with a back propagation network. Although GA is not an assuring global solution it is found that GA is able of bearing adequate acceptable solutions. GA may even be accomplishing the results with less number of iterations. GA was visualized by Holland in 1975 and applied auspiciously in structural engineering. Later it was extended to all fields due to its distinctive features like random search based on natural genetics, population of points at time, etc. Anatomy of proposed hybrid genetic algorithm -neural networks system is shown in Fig. 5 . The program generates preliminary population randomly. The fitness of each chromosome in population will be evaluated by weights of genes. If convergence is not reached, genetic operations reproduction, crossover and mutation will be carried out to decide the new population. Again, the fitness of new population is checked and this system will continue until the function is converged. If the convergence is attained, the program stops and gives the result. The various steps of proposed genetic algorithm based neural network system to predict the tool wear are discussed as following. In this study, an artificial neural network with input, hidden and output layers was thought about. The number of neurons and parameters used in each layer is shown in Table 5 . For each chromosome in preliminary population, the fitness value was computed. The fitness function ought to be converged at least for 95% of preliminary population. In case of less, the mating pool was formed by replacing all the least fitness chromosomes with highest fitness chromosome. From this mating pool, new parent pairs were selected randomly for cross over. Offspring chromosomes were generated by a single point crossover. At randomly selected cross site the genes were swapped. Sometimes, cross over is unable to continue the regeneration. Then the bits of strings are muted independently. Mutation makes search space globally and restores the lost genetic knowledge. A low mutation rate of 0.05% was selected, because higher values could affect the fitness of the strings. After all genetic operations, a new set of population was generated to evaluate the fitness. Once fitness function was satisfied, the computed weights were accustomed to BPN model to predict the tool wear and surface roughness as outputs.
Optimization Methodology
Principal Component Analysis (PCA) and Grey Relational Analysis (GRA) are combined to optimize the cutting parameters for minimum surface roughness and tool wear. PCA is a variable reduction method which is widely applied from science to engineering issues because of its ability to receive the significant information from the more number of observed variables. The redundancy in the observed variables is determined by correlating each other. This redundancy will help reducing the number of observed variables into smaller number of principal components. The variance in the observed variables is represented by the principal components. These principal components are used to find the grey relational coefficient and corresponding S/N ratios. From the S/N ratios the optimum cutting parameters are determined. The step by step procedure followed to find the optimum cutting parameters is as follows:
Step
Collection of response variables
The response variables are represented as: 
In this study, 2 n = , surface roughness and tool wear and 9 m = , number of experiments.
Step 2. Normalization of response variables
There are three different characteristics of normalization. They are: (i) Higher-the-Better (HB) ( ) ( ) ( ) 
and ξ = coefficient value (normally 0.5) ABCM
Step 6. Overall grey relational grade calculation
The responses of surface roughness and tool wear are combined and a single overall grey relational grade is calculated by using:
Then, the Taguchi method is applied to compute the S/N ratios for overall grey relational grade. The optimum machining parameters are determined from the S/N ratios.
Results and Discussion

GA and ANN hybrid prediction model
The surface roughness and tool wear quality characteristics are predicted in this research work using genetic algorithm based artificial neural network. To foretell the surface roughness and tool wear cutting speed, feed velocity, depth of cut and cutting liquid flow rate are used as input parameters. The hybrid of GA and ANN is aided to foretell the outputs exactly. The results of the hybrid prediction method are given in Table 6 . The predicted values are validated by experimental values. The positive and negative errors in prediction of surface roughness are +2.9% and −1.0%. Similarly, the errors in the prediction of tool wear are −3.3% and +1.3%. The accuracy of hybrid prediction model for surface roughness is ±2.9% and for tool wear is ±3.3%. The errors of the model are within the accustomed limit. So, it is apparent that the predicted values of hybrid prediction model have good agreement with experimental values. 
Optimization of cutting parameters
The experimental results of surface roughness and tool wear quality characteristics in end milling of aluminum 6063-T6 under maximum quantity lubrication are shown in Table 6 . Using Lowerthe-Better (LB) criterion both surface roughness and tool wear experimental information have been normalized. The normalized information set is given in Table 7 . Computation has been carried out subsequently, to find the correlation between the responses. Table 8 shows the Pearson's coefficient of correlation between surface roughness and tool wear. Based on this, it is obvious that both the responses are correlated. The Principal Component Analysis (PCA) has been used to eliminate the response correlation.
The PCA matrix which consists of Eigen values, Eigen vectors, Accountability Proportion (AP) and Cumulative Accountability Proportion (CAP) is also given in Table 8 . The independent principal component for each experiment is calculated by converting the correlated responses. Since the AP of the responses is non-zero value, the principal component scores are determined for both responses and are listed in Table 9 . The quality loss estimated for each response is given in Table 10 . Here, analyses of quality characteristics such as surface roughness and tool wear were made to optimize the cutting parameters. To optimize the multiple performance characteristics, it was converted into single aim issue by applying grey relational analysis. The S/N ratios are computed by Taguchi methodology. Table 13 shows the S/N ratio response at each level and also reveals the influencing order of machining parameters. The cutting speed is a highly influencing parameter for surface roughness and tool wear. This is in acceding with beforehand studies on tool wear in turning by Joshi et al. (1999) , Erol and Ali (2006) and Jenn et al. (2008) and milling by Caldeirani and Diniz (2002) . Increased abrasion between the cutting tool and work material in the work of higher cutting speed causes higher tool wear and surface roughness. The cutting speed is followed by feed rate, lubricant flow rate and finally the depth of cut. From Fig. 6 , the optimal levels of machining parameters are identified as A3B1C3D2. The values of optimum parameters are cutting speed of 88 m/min, feed velocity of 180 mm/min, depth of cut of 1.4 mm and coolant flow rate of 600 ml/hr. To exactly decide the contribution of each cutting parameter, ANOVA was applied for S/N ratio of grey relational grade. The result of ANOVA is shown in Table 14 . The cutting speed is the highest influencing parameter with 48.75% of contribution. The next significant parameter is feed velocity (22.12%) followed by lubricant flow rate (18.86%). The depth of cut is the least influencing factor when compare with other cutting parameters with 10.26% of contribution. ABCM
Validation tests
The optimum levels of machining parameters determined for maximum surface roughness and tool wear are A3B1C3D2. To confirm the obtained optimum set of parameters validation tests were conducted. The results of these tests show that the mean values of surface roughness and flank wear are 0.542 µm and 0.266 mm respectively. This shows that the quality characteristics thought about in the study can be optimized by adopted optimization methodology.
Conclusion
In this paper, genetic algorithm based artificial neural network hybrid prediction model is proposed to foretell surface roughness and tool wear. A multiple objective optimization methodology, by using principal component analysis, grey relational analysis and Taguchi method is also proposed to optimize the machining parameters of Al 6063 under maximum quantity lubrication. The following conclusions are made:
• The optimum machining parameters for minimum surface roughness and tool wear are cutting speed of 88 m/min, feed velocity of 180 mm/min, depth of cut of 1.4 mm and coolant flow rate of 600 ml/hr.
• Among the machining parameters: cutting speed, feed velocity, depth of cut and lubricant flow rate, the cutting speed is the most significant with percentage contribution of 48.75%, followed by feed velocity with 22.12%, liquid flow rate with 18.86% and at last depth of cut with 10.26%.
• The proposed GA based ANN hybrid prediction model has excellent agreement with experimental values, with errors of only 3.3%.
• The validity tests demonstrated that the proposed multiple objective optimization methodology is able in determining the optimum machining parameters in end milling.
